Trends in population abundance can be challenging to quantify during range expansion and contraction, when there is spatial variation in trend, or the conservation area is large. We used genetic detection data from natural bear rubbing sites and spatial capture-recapture (ScR) modeling to estimate local density and population growth rates in a grizzly bear population in northwestern Montana, USA. We visited bear rubs to collect hair in 2004, 2009-2012 (3,579-4,802 rubs) and detected 249-355 individual bears each year. We estimated the finite annual population rate of change 2004-2012 was 1.043 (95% CI = 1.017-1.069). Population density shifted from being concentrated in the north in 2004 to a more even distribution across the ecosystem by 2012. Our genetic detection sampling approach coupled with ScR modeling allowed us to estimate spatially variable growth rates of an expanding grizzly bear population and provided insight into how those patterns developed. the ability of ScR to utilize unstructured data and produce spatially explicit maps that indicate where population change is occurring promises to facilitate the monitoring of difficult-to-study species across large spatial areas.
The Northern Continental Divide Ecosystem (NCDE) in northwestern Montana, USA, is home to one of five North American grizzly bear populations persisting south of Canada. All were designated threatened in 1975 5 . Bear density in the NCDE in 2004 was highest in Glacier National Park (NP) in the north with density declining to the south and to the edges of occupied range 8, 18 . Along the southern boundary of Glacier NP, the presence of a busy highway (US 2) impacts bear crossings 19 . Gene flow is reduced across the corridor that contains the western portion of US 2 and the rail line that parallels it 8 . Population size in the NCDE was estimated to have increased from 765 in 2004 8 to approximately 1,000 by 2009 20 . Because this trend estimate was based on a small portion (2-4%) of the population, which increases the potential for bias, we sought to increase the proportion sampled and improve insight on population status by detecting individual bears from hair at natural bear rub sites. The purpose of our study was to explore this new approach to monitoring the trajectory of a low-density carnivore population at an ecosystem scale and to estimate variation in local density and growth rates within the population using a spatial capture-recapture modeling framework. Methods field methods. We sampled the NCDE grizzly bear population in a 33,300-km 2 area dominated by the rugged and remote terrain of the Rocky Mountains (Fig. 1a ). We collected hair at bear rubs sites identified by looking for the presence of hair on trees and other objects while searching along trails, roads, and utility and fence lines. Hair deposition was a result of natural behaviour; no attractant was used to draw bears to survey routes or to encourage rubbing. Rubs were fitted with 3 to 4 40-cm lengths of 4-point barbed wire to facilitate hair deposition 8 . We monitored the rubs we located in 2004 and 2009-2012 (see Supplementary Information online for additional details).
We quantified rub sampling effort as the cumulative number of days between the first collection visit (after the initial visit to clear hair that may have been deposited the previous year) and last collection of the year for each rub sampled per year (Table 1) Genetic analysis. Hair samples were analyzed by a laboratory that specialized in genotyping low quantity and quality DNA (Wildlife Genetics International; http://www.wildlifegenetics.ca). We used the G10J marker to distinguish between grizzly bear and black bear (U. americanus) samples 21 . We added 6 additional nuclear microsatellite loci to determine individual identity of the grizzly bear hair samples (G1A, G10B, G1D, G10H, G10M, and G10P) [22] [23] [24] and the amelogenin marker to identify sex 25 . We confirmed individuals identified using this 7-locus genotype by extending the genotypes to 9 additional loci (G10C, G10L, CXX110, CXX20, Mu50, Mu59, G10U, Mu23, and G10X 22, 23, 24, 26, 27 , and confirmed sex with a second proprietary test developed by Wildlife Genetics International. Sub-selection of samples for analysis is described in Supplementary Information online.
Spatial capture-recapture modeling. We used maximum-likelihood spatial capture-recapture (SCR) models 28, 29 to estimate local and overall density and annual population growth rates from spatial detection histories. SCR models specify a spatially explicit link between a summary of each individual's location, henceforth their activity center, and locations where they may be detected, here, the sampled bear rubs. We treated the 5 years (2004, 2009, 2010, 2011, 2012) of detection data as independent "occasions" and ran separate models for males and females. For each year we denoted the coordinates of each rub by the vector x jt for years t = 2004 and 2009-2012 and for j = 1, 2, …, n t rub locations and the activity center for individual i as s i , a 2-dimensional coordinate. SCR models parameterize the probability of detection, p(x jt ,s i ), of an individual at each rub by a function of distance between the rub and the putative activity center. For each year and sex, we used the half-normal model 30 , where probability of detection at a location is assumed to decline with distance from the activity center following a half-normal distribution such that:
The parameters we estimated were baseline detection probability at the activity center, p 0 , and the scale of movement parameter, σ, related to the extent of space used by individuals during the period of sampling. In addition, SCR models contain a parameter representing density, D, estimated from the observed encounter history data. Model parameters were estimated by maximum likelihood (MLE 31 ) using the R package oSCR 31, 32 . For all parameters of the model the standard error (SE) was from the Hessian of the likelihood function evaluated at the MLEs.
We developed our model set based on our a priori knowledge of grizzly bear ecology and theories about factors influencing bear behaviour. The hypotheses we considered modeled various effects on each of the 3 primary parameters; density (D), baseline detection probability (p 0 ), and the scale of movement parameter (σ, Table S1 online). Effects were modeled on each parameter on a link-transformed scale, with an intercept and effects modeled additively. We modeled temporal variation in D by allowing full year-specificity, log(D t ) = β t , or a linear trend log(D t ) = β 0 +β 1 Year where Year was the centered year (2008 = 0). Density and σ were modeled on the log-scale and baseline detection probability was modeled on the logit scale. We included duration of sampling interval, linear effects of date, a trap-specific behavioural response, and landscape covariate effects in all models for p 0 and evaluated hypotheses that included year-specific and quadratic effects of Julian date. We fit a behavioral model because rubbing functions as communication among individuals and thus prior marking at a rub may change the likelihood that site will be rubbed again by that or other individuals in the future. We calculated rub-specific landscape detection covariates to describe ruggedness, security level (protected land ownership), and the linear and quadratic effects of percent canopy cover within 250-m of a rub 33 (see Supplementary Information online for additional details). We added these covariates to test the hypotheses that detection would be higher; 1) in rugged areas because bears might be more likely to walk on trails, 2) where there was higher security, and 3) where trees were of moderate to high density. We included hypotheses that σ was constant or year-specific. We used the sample size-adjusted Akaike's Information Criterion (AIC c ) and AIC c weights 34 to evaluate relative support for each candidate model. Models with cumulative weights up to 1.0 were considered supported.
To address human-bear conflicts, wildlife managers sometimes move bears large distances resulting in unnaturally large distances between detections 35 . To assess the impact of this on our density estimates, we used the best model for each sex from the initial set of candidate models, but allowed σ and p 0 to vary by translocated individuals. These models would thus estimate the proportion of translocated individuals, defined as Ψ trans = Pr( translocated = 1) 36 .
To calculate trend, we used the most supported models. For models varying linearly with year, the trend parameter was estimated directly within the model. For models with year-specific density parameters, we characterize trend by the annual geometric mean rate of population change 37 , λ, from 2004-2012 (8 annual intervals) according to: The MLE of λ was obtained by plugging in the MLEs of year-specific densities. The standard error (SE) of estimated rates of population change was computed using a delta approximation 38 . The SEs were used to obtain 95% Wald type confidence interval. These growth rate estimates apply to the entire state space. We also compared our estimates to the trend in effective population size, N e , a metric referring to the number of bears that are contributing reproductively to the population, under a set of genetic assumptions. For this we used analysis of covariance as described in Pierson et al. 39 .
In SCR models, MLEs are based on the marginal likelihood of the encounter histories computed by averaging over all possible locations of the activity centers associated with detected individuals. This spatial region is called the "state space". The state-space should be chosen to be sufficiently large such that an individual having an activity center on the periphery of the state-space has negligible probability of capture ( 40 p. 132). For the half-normal detection model we used, we concluded that 3 σ was sufficiently close to negligible, yielding a probability of encounter < 0.01 based on estimates from our model. In our initial model runs, male σ was 15 km so we defined our state space by a regular grid of points (4 km grid spacing) extending 45 km beyond any rub location (Fig. 1 ). The number of state-space points varied with locations of rubs monitored each year and ranged from 3,992 (2004) to 4,422 (2012) . SCR models regard the activity center, s i , as a latent variable that is estimated along with other parameters. We estimated the latent activity centers using the estimated best unbiased predictor 41 which is the conditional mean of S i given the data, evaluated at the MLEs. Predicted density surfaces were generated by aggregating the estimated posterior distribution of each S i . To examine changes in local trend over time, we estimated the realized local population size (aka realized density) for each state-space point ( 40 sec. 5.11), using the MLEs of the model parameters. The estimated realized population size for any state-space point u is defined as the estimated posterior mean of the number of activity centers associated with point u. This is computed by adding (a) the sum of the posterior probability of each observed individuals' activity center for u to (b) the expected number of individuals for that state-space point that went undetected. The former quantity, (a), is denoted by θ = | Pr s uy ( , )
i i ( 40 ch. 6) where θ represents the collection of all model parameters for a given model, and we plug-in the MLEs for θ, θˆ for this eval-
which is also a function of all model parameters ( 40 ch. 6). Thus, the expression for the estimated realized population size for any point u of the discrete state-space is given by:
is calculation can be done using the model parameters for each year to produce D u ( ) t , from which estimated local growth rates can be computed for each unit of the state space,
Local growth-rate estimates were limited to the area that was sampled in 2004 as this area was sampled in all years. We also calculated growth rates above and below Highway 2, a known barrier to gene flow 8 , by summing the estimated density of the state space points within each region in each year and calculating λ from those regional estimates. Variance estimates are not available for these sub-zones, however, because variance was calculated for the full state space and cannot be partitioned.
In one year, we detected one female bear 190 km to the south of other detections of this individual. Although grizzly bears are capable of traveling long distances, having a female range this far between detections, i.e. almost 3 times the distance of the second largest female movement detected (64 km), was highly unusual and constituted the lone extreme movement in our data set. While we did not identify any errors that could explain this large movement and it was not associated with a known translocation, in spatial modeling it is common to remove outlier locations when they are not representative of the population and leverage results 42 . We, therefore, fit all hypothesized models with and without the southern location for this individual, but consider primary results Table 3 . Description of most supported models (models with the lowest AIC scores with cumulative weights up to 1.0) developed to estimate grizzly bear population density using spatial capture-recapture data from the Northern Continental Divide Ecosystem in northwestern Montana, USA. Spatial detection histories were derived from genetic identification of individual bears from hair collected at natural bear rub sites. For females, a single outlier point in 2010 was removed from the dataset. See Table S1 online for descriptions of the complete set of candidate models. www.nature.com/scientificreports www.nature.com/scientificreports/ to clear hair that could have been deposited the previous year (Table 1) . We detected 249-355 individual grizzlies each year for a total of 394 different females and 398 males during our 5 sampling years ( Table 2 ). Our laboratory protocols made it highly unlikely that genotyping error resulted in the creation of any false detections in our data 8 . Spatial modeling. Our models were remarkably sensitive to the single extreme movement between detections in our data. Removal of this point in 2010 changed the most supported female models from those with year-specific density to models with a linear trend in density (compare Table S3 online, Table 3 ). However, estimated female population growth rates were similar: λ 04-12 was 1.042 (CI: 1.023-1.060) versus 1.050 (95% CI: 1.010-1.089) with and without the outlier, respectively. Estimates differed primarily in 2010. Namely, σ was much larger and baseline detection and density were much smaller in 2010 than other years (Table S4 online) . For the top model, estimates of density were significantly lower and estimates of σ were significantly higher than estimates without the outlier location (non-overlapping CI's: Table S4 , S5 online). When the outlier point was excluded, density estimates in 2010 were more consistent with estimates for the other years.
Because this one long-range movement was not representative of the population and had such a large effect, we focus here on model results that did not include this data point. The most supported model by far for females and males defined density as increasing linearly with year, year-specific σ, and included all detection covariates (Table 3; see Table S1 online to view all candidate models). Detection increased with duration, lower canopy cover, and a higher percent of secure area, and had a quadratic function for Julian date (Table S2 ). Models with a translocation effect did not converge, likely due to low sample size of translocated bears within the DNA data set (12 females, 9 males).
Annual estimates of density were similar among all supported models (Table 4 ). Both the size and distribution of the grizzly bear population in the NCDE expanded between 2004 and 2012. Ecosystem-wide, female density increased from 7.77 bears/1,000 km 2 (95% CI: 6.37-9.48) in 2004 to 11.45 bears/1,000 km 2 (95% CI: 9.80-13.38) in 2012. Male density rose from 5.78 bears/1,000 km 2 (95% CI: 4.96-6.72) in 2004 to 7.51 bears/1,000 km 2 (6.81-8.27) in 2012. In 2004, the majority of the population resided in the northern third of the ecosystem centered on Glacier NP. As the population grew, density increased throughout the ecosystem with the most obvious changes in the southern two thirds of the NCDE where bears were absent or density was low in 2004 (Fig. 2) .
The annual rate of overall population change 2004-2012 (λ 04-12 ) was 1.043 (95% CI: 1.017 1.069). The growth rates of the female and male segments of the population were not significantly different; λ female04-12 = 1.050 (95% CI: 1.010-1.089), λ male04-12 = 1.033 (95% CI: 1.007-1.060) ( Table 5 ). Both female and male growth rates were higher south of US 2 (F: 1.051, M: 1.053) than north (F: 1.030, M: 1.010). Most of the ecosystem exhibited stable to increasing local population trends, however, some areas experienced declines for one sex or the other (Fig. 3 ).
Discussion
Using genetic detection data from natural bear rub sites in an SCR modeling framework, we estimated ecosystem-scale as well as local trends in a recovering grizzly bear population. Grizzly bear numbers in northwestern Montana were extremely low in the early 1900s 43 . Park protection and high-quality habitat resulted in recovery occurring earlier in Glacier NP than in the rest of the ecosystem 8 . The annual density surfaces produced by our model graphically depict the growth of the population outside of Glacier NP and how bear distribution changed 2004-2012. As the population expanded from the core in-and-adjacent-to Glacier NP, the population filled in much of the southern two thirds of the NCDE where few or no bears were found at the start of our study (Fig. 2) . While the population as a whole grew at an annual rate of 1.043 in 2004-2012, growth rates were highest south of US 2 where initial density was low (Fig. 3 www.nature.com/scientificreports www.nature.com/scientificreports/ Because the use of SCR to model population trend surfaces from genetic detection data is new, we confirmed that independent estimates and ancillary data were consistent with patterns we found in population density and growth rates. Our annual rate of change for females 2004-2009 was similar to a previously published estimate for the NCDE (λ = 1.031 (95% CI: 0.928-1.102)) made using female vital rates derived from telemetry data and a known-fate estimator 20 . Our growth rate was also similar to other recovering brown bear populations (see Supplementary Information online for details). As the population grew, N e in the NCDE also increased between 2004 and 2012 and generally tracked population trend 39 . The number of detections as well as the number of immigrants (based on a parentage assessment) consistently increased between 2004 and 2012 in the areas with the highest growth rates and lowest initial density, i.e. central, southern, and eastern regions 44 . These same areas, which exhibited lower density and diversity in 2004 (Fig. 2 ) also increased in genetic diversity 8, 44 . This is consistent with previous evidence that bears south of US 2 were split into several small semi-isolated groups 8, 44 . We also would expect to see bears moving into habitat that was not at carrying capacity as the population grew.
Our SCR models were highly sensitive to a spatial outlier. Even though our dataset was larger than most where SCR has been applied, we found that inclusion of a single extended movement changed the top models, evaluated www.nature.com/scientificreports www.nature.com/scientificreports/ through AIC, versus when the outlier was removed (Table S3 online, Table 3 ). We fit models without this point because such a large movement within one year is extremely uncommon for a female grizzly bear and resulted in unrealistically large home range and σ estimates. Removal of outliers from spatial data where the goal is fitting a declining function (e. g. half normal) is common. For example, in distance sampling 42 it is common to remove outliers to allow fitting a simpler model 45 . This often leads to a fairly heavy right truncation (e. g. 5%), and in some cases left truncation, that is normative in distance modeling [46] [47] [48] . The treatment of space in distance modeling conceptually matches its treatment in SCR modeling, and some level of right truncation may be appropriate. In our case, while the decision to remove the outlier affected the best models and some detection and density estimates, our primary conclusions-that the population was growing and that density was increasing fastest in the southern portion of the ecosystem-were robust. However, we have no reason to believe that this is a generalizable conclusion. Our results were consistent with Stenhouse et al. 35 in finding SCR estimates to be sensitive to an uncommon extreme movement. While SCR should be robust to common large movements 36 , we suggest comparing results with and without extreme movements to assess the impacts on all parameters.
We have seen no discussion of this sensitivity in the SCR literature and, in distance sampling, the arguments presented to support right truncation are primarily based on practicality rather than theoretical optimization 45 . Lacking any guidance in the literature we have presented results from analyses with and without the outlier, but have concentrated on the truncated dataset because it is likely more representative of the population. We believe that this issue requires additional study and that the field probably should develop rules for right truncation similar to those adopted in the distance sampling literature. Incorporation of telemetry might be used to reduce the effect of outliers, but this requires further study.
We hypothesize that non-spatial sources of heterogeneity of detection at rubs could bias density estimates. Females may limit rubbing in non-breeding years to avoid males and thereby protect dependent young. However, the proportion of females in our sample was very similar in all years except 2009 when sampling effort and baseline female capture probability were lowest. Our models accounted for heterogeneity in individual detection in space, because we believe that to be the largest source of heterogeneity. However, we could not model other potential sources of individual heterogeneity. For instance, we could not assign a history of human-bear conflict or breeding status to individuals, both of which could cause avoidance of the anthropogenic routes we sampled along and result in depressed detection rates. Nonetheless, as long as the proportion of the detectable population www.nature.com/scientificreports www.nature.com/scientificreports/ sampled is constant among years this approach provides a valid estimate of the trend for the population. We expect that the biases should be similar across years, which means that our trend estimates are reliable even if there is bias in density estimates. See Supplementary Information online for discussion of sampling efficiency at rub sites.
One of the most appealing aspect of using rub trees and SCR to detect trends is that both the data and the analyses are spatially explicit. Other analyses (e. g. known-fate 49, 50 ) do not consider the location of captures and recaptures, and thus require evenly and consistently distributed data collection 51 . Rub trees provide a huge spatial sample of individual bears at minimal cost. This allows patterns such as the infilling and range expansion we observed in this study to be directly observed. Combined with SCR analyses, the resulting density maps allow the detailed evaluation of where and when the population is increasing or declining which, in turn, permits direct checks of the data. Boulanger et al. 52 similarly used SCR and density surface modelling to test whether bear population density was related to habitat value, mortality risk, or a combination of factors across the range of occupied grizzly bear habitat in Alberta, Canada. A population that is expanding based on population-wide changes in density may expand its range and increase its density in areas previously minimally occupied. We were able to demonstrate these relationships, providing increased confidence that the density shifts were appropriately related to actual population dynamics. Further, areas of population growth or decline can be linked to spatial covariates such as habitat quality or human population densities to evaluate the proximal causes of these population changes.
Fine scale information on changes in density has great utility for adaptive management, prioritizing management to preserve animal migrations 31 , and evaluating interspecific competition 53 and resource selection 29 .
Here we have used multiple density surfaces to assess infilling of a grizzly population in areas with previously low density. This was possible because our sample sites were distributed at a fine scale (spacings < 3 σ in all years) across our area of inference ( Fig. 1b) . We are confident of change at this coarse resolution, but suggest caution in over-interpreting change at the high resolution (16 km 2 ) scale, because no estimates of variance are currently possible at that scale and little research has evaluated the appropriate resolution for estimating changes in density for animals with large versus small home ranges.
Changes in population status can occur fairly quickly in a recovering population even for species with low reproductive rates such as grizzly bears 44 . Informed management of forest carnivore populations requires insight into temporal and spatial variation in density and growth rates, particularly when large local declines can rapidly occur 54 . Sampling populations, such as ours, that occupy vast, remote areas in heterogeneous landscapes and monitoring during range expansion is especially challenging. Our genetic detection sampling approach coupled with SCR modeling allowed us to estimate differential growth rates of an expanding grizzly bear population and provided insight into how those patterns developed. For populations experiencing range expansion and thus violating the assumption of geographic closure, the SCR methods we employed are ideal because unlike non-spatial models, they are able to estimate the area to which the population estimates apply. While our dataset was so large that it restricted the set of methods available to us due to computational requirements, recent developments in open SCR models will additionally provide information on recruitment and survival 55, 56 . Knowledge of spatial variation in trend can be used to design monitoring and management strategies tailored to area-specific needs. Spatial patterns revealed by our approach may identify source and sink habitats or ecological traps that merit enhanced management focus. Finally, the value of obtaining ancillary information on metrics such as gene flow, genetic diversity, population structure, the number of breeders, and fitness from monitoring population trend makes a compelling case for including a genetic sampling approach in monitoring programs.
Data availability
The genetic profiles have been deposited in ScienceBase and are publicly available 57 . Because grizzly bears are a US Government Endangered Species Act-listed species and spatial detection data could be used to identify grizzly bear concentration areas, access to precise locations may be limited. Field data and computer code are available from US Geological Survey, Northern Rocky Mountain Science Center, West Glacier, Montana 59936 USA.
